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A Differential Evolution based Support Vector Clustering
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Vapnik® EA7 dFol&o BF 39, 2zlm FFsE H39 SVMl(support vector machine), SVR(support
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'Abstract

Statistical learning theory by Vapnik consists of support vector machine(SVM), support vector regression(SVR),
and support vector clustering(SVC) for classification, regression, and clustering respectively. In this algorithms,
SVC is good clustering algorithm using support vectors based on Gaussian kernel function. But, similar to
SVM and SVR, SVC needs to determine kernel parameters and regularization constant optimally. In general, the
parameters have been determined by the arts of researchers and grid search which is demanded computing time
heavily. In this paper, we propose a differential evolution based SVC(DESVC) which combines differential
evolution into SVC for efficient selection of kernel parameters and regularization constant. To verify improved
performance of our DESVC, we make experiments using the data sets from UCI machine learning repository
and simulation.
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A2 23 78k Support Vector Clustering
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3.1 DESVCe A ez &

dutd o2 FHI= AR FAG MAEE Fe
A g B (exploratory data analysis) #go|th &
AW (within group)e] WAL £4H2 HA7F 51
ZHbetween groups)® #4-2 M7} FHE= FH3 2
Azxl sty B =RolxE DESVCY A =3<(fitness
function)& THE7] 8le] thE3 o] gt SAE A
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T3S 3= Assign Clusters BAZ o] Fojz}

Step 1 (DE)
[1-1] Let s =0
Initializing CR and r
Initializing population X, with £ individuals
[I-2] Do
Selecting randomly .17, ~ {1,..., P},
with n, # n, # ng = n
Selecting randomly 4 ~ {1,...,}
I : the number of parameters
Repeating
Do =1 to [
if(0(0,1) < CR or j=1)
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X,

OS,nj = A/s,n;ij +r(‘X; s,nyj)
else O, = X
End Do

Selecting new population X4
)(s+1.n

Wy -

_ [ O s for Fitp v Oun) < Fitpp gye( X, )
X9,71 3 O'w'

Until (Convergence)

Step I = AEARE % wXeE CRIA F /49 4
Elzto] sk 715 r& dAsln ATl AYETE
£ 93t T3\ S(candidate solutions)Z o]FAX dFT
(population)& Z7]3}8th 3702 wul-§ WEE o] &3}t
AlPHE|Z T3l oS AAPHE 9 T Foll AxHE et
B % 4o o) wud F HEHoZ JAHE HE A
gigic olg} 22 FENFL WHEEe HA ] A
o} AYRFES ARSI 19 SVC BAE s

Step II (SVC)

{l1-1] Mapping data points into feature space by
Gaussian kemnel function

K(CEZ-,ZIJ]-) — e—q||1,—z,||2

[I1-2] Computing the minimal radius enclosing sphere
[1-3] Mapping back into input space

[[1-4] Determining cluster boundaries using contour
set

Step MM Step 102 2H o Atadse AYRTE
g olgstal SVC R8T FAch /NG AdRrE
53 HE s 2} ol gsto] tha9l Assign clusters
gAlg s

Step III (Assign Clusters)
[MI-1] Computing similarities between centers of clus—
ters
n m K(Sik75jl)
k=1u=1 M* 7N
where,
center; = {Sﬂ,-",se}, center; = {sﬂ,~--,sjm}
8;,8 ;€ {support vectors}
[III-2] Assigning data point z as the following
n K(z,s;)

k=1 n
Step Il @AIE E3te] /7N AHAEA gt A= o
Z

AAFS AA-FH A(distance) F=E o83t 73
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UCI 71484 deole] ARARHE  Abalone data$}
Cardiac Arrhythmia Database® o852 322 YA
g AEHlA delels 10709 W< (attribute)et 1000772
MAFE b= T2 AP A=l et 3719 Az oE
dole PSS AHE-sH13,15,18] o ZE B =i
Aol 89 tlolE] W M4 gt MAS, 28
B ¥ ¥ S (target variable)?) Fd 29l £E Yehya gloh

F 2. 4 AH8E g5lolH
#

data set |# of attributes|# of instances| # of class
Simulated 10 10000 5
Abalone 8 4177 29
Cardiac 279 452 13
9] BxdlolE]l FollA A EHolA dHolHe the 29 2
o] WZ7te] ArmA S (corelation coefficient)ell wle} 3714
diol8 gez FHEate] AAsrH1315]. o= A™Rs
= 719l A#Ade) Ao wi Bge] Aol o9A veht
=AE Sdy] ATl

F 3. AEHelA el
Simulated data indep.
corelation coefficient 0

high
0.6-09

low
0.1-0.3

= W4E 7o) A (correlation) 7t -2 Z-$-(high)$}
2 AS(ow), 283 M2 SYQ ASZ vre] 39 4
A G (correlation coefficient) #koll 25t Ag st

AerstE DESVCSe Aeuag 93 7|&9 EAET
Z(analytical tools)ZAE A 7)AgFA A AME-H
I 2¥ SVC, K-means clustering, SOM(self organizing
maps), 7HEA1er %23 (Gaussian mixture model), L]
31 K-nearest neighborE o]&3itHg9,11,14]. v+ Ee
olE EMETEF B =FdA AslE DESVCH] 4%
H7} AAE e Atk

i 4. SBFE(%) vl

Simulated .
indep, Tow high Abalone | Cardiac
DESVC 0.9 12 1.7 2.8 16
SVC 15 2.1 2.9 3.4 25
K-means 1.9 2.8 3.3 5.0 3.1
SOM 2.3 2.5 39 9.2 38
Gaussian 2.1 2.5 34 8.4 29
K-nearest 27 31 37 6.7 39
g9 Bx HEEE ZEE o 4EBE et o8
B-&(misclassification rate}& AH&-stATHE]. M AHAE F
glod DESVCe] A%l b2 nazyg s vis) dud 2
A2 HoFa 98 a8 £ Ak T AlEHA
dle|ElZ2A Ao = dABAdo] E2(high) tlolEet =H
(indep.)§] HlolE] 7te] QEFE ol= thE 7|AEE ¢
P2 B8 2SS A% ¢+ AUt F, DESVCE 9
AH4E 7o A 7S] vl EWXE

L= =
(robus#& & 5 Agith B EE DESVCS Hlmsle
Sne2s kel AFYA Bj@ Afolut,
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Simulated Abalone Cardiac
DESVC 295 19.8 30.2
SvC 225 155 245
K-means 195 135 219
SOM 22.7 149 23.0
Gaussian 15.3 12.7 19.2
K-nearest 16.6 12.9 214
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